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• Individual alcohol use trajectories were analyzed from time series of daily reports.
• A novel methodology was developed to identify statistically distinct use patterns.
• Patterns were classiﬁed into mutually exclusive categories.
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Aims:Wepresentmethodology to identify statistically distinct patterns of daily alcohol use and classify them into
categories that could be further used in monitoring of transitions between patterns such as transitions from
regular to problem use.
Data: The study analyzed individual patterns of adult alcohol consumption from two datasets containing short
(b6 month) and long (up to 2 years) daily records of drinking. These data were collected over the period
between 1999 and 2003.
Results: By using a non-parametric (Kolmogorov–Smirnov) testwe have identiﬁed distinct drinking patterns and
classiﬁed them into 8 types according to their means, percentages of non-drinking days and variances of
consumed amount during drinking days. For each studied individual we calculated a transition chart that
characterizes transitions between the types.
Conclusions: Individual daily consumption patterns can be identiﬁed, and classiﬁed into distinct patterns.
Changes between the patterns could be related to life events or environmental trends, and thus provide insights
into pathways towards either heavier use or recovery.
© 2013 The Authors. Published by Ltd. Open access under CC BY-NC-ND license.1. Introduction
The National Institute on Alcohol Abuse and Alcoholism (NIAAA)
and Centers for Disease Control and Prevention (CDC) suggest criteria
for alcohol dependence and heavy drinking that are based on summa-
ries of weekly and daily alcohol consumption levels (NIAAA, 2004).
These summaries are considered static (i.e., change in time is ignored).
In this paper we identify speciﬁc patterns that describe the nature of
consumption, statistically signiﬁcant changes in individual daily
drinking, and the timing of these changes.We then show that these pat-
terns can bemeaningfully categorized and that the transitions between
categories are predictive of future changes in alcohol use.implicit conﬂicts of interest as-
opyrights prior to publication of
nwallis Rd. Durham, NC 27709,
ess under CC BY-NC-ND license.The typology of individual alcohol use has been extensively studied
over the last 25+ years and a variety of use types have been identi-
ﬁed (Leggio, Kenna, Fenton, Bonenfant, & Swift, 2009; Moss, Chen, &
Hsiao-ye, 2007). However, little research has focused on the dynamic
nature and prognostic potential of these typologies. Among such scarce-
ly published research it is worth noting a few developments. Periodicity
has been shown to be a prominent feature at both the population and
individual levels (Mundt, Searles, Perrine, & Helzer, 1995; Said &
Wegman, 2009). Chung, Maisto, Cornelius, and Martin (2004); Chung,
Maisto, Cornelius, Martin, and Jackson (2005) analyzed drinking
patterns and the relationship of drinking patterns and symptom
occurrence in treated adolescents. Gueorguieva et al. (2010) identiﬁed
several latent classes in daily use and examined the probability of
changes in classiﬁcation after alcohol treatment.
Existing deﬁnitions (NIAAA, 2004) do not consider whether the
individual changes his or her drinking patterns; the same amount of
consumption could reﬂect an increase, decrease, or stability of use.Mod-
ern technology (e.g., Interactive Voice Response [IVR], smartphones,
Fig. 1. “MovingWindows”method to identify patterns of alcohol use trajectories. Distribu-
tional properties of sliding windowsWt andWt + s − 1 are compared to each other. The
point when the distributions become signiﬁcantly different signiﬁes the change in
patterns. We illustrate the point at which the pattern switched from type 5 to type 7 as
the number of drinks increases.
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formal Ecological Momentary Assessments, and produce detailed
individual trajectories describing daily use. In turn, the identiﬁcation of in-
creased trends could be used to deliver personalized interventions
(Helzer et al., 2008).
2. Data
Weused two existing data sets containingdaily IVR reports collected
by the University of Vermont and described in Helzer and Searles
(2001), Helzer, Badger, Rose, Mongeon, and Searles (2002) and
Helzer, Badger, Searles, Rose, and Mongeon (2006). One data set was
collected from a sample of 200 subjects (68% men) recruited between
2000 and 2003 from primary care clinics. At screening subjects met
either NIAAA criteria or one or more CAGE (cut-annoyed-guilty-eye)Table 1
Description and classiﬁcation criteria of the pattern types.
Pattern
types
Description C
Type 1 Abstinent or very occasional drinker with no high drinking days •
•
Type 2 Abstinent or very occasional drinker with high drinking sometimes •
•
Type 3 Mostly occasional drinker with relatively low or medium risky drinking •
•
Type 4 Mostly occasional drinker with relatively medium or high risky drinking •
•
Type 5 Frequent and steady drinker mostly with relatively low or medium risky
drinking
•
•
•
Type 6 Frequent but unsteady (binge) drinkermostlywith relatively low ormedium
risky drinking
•
•
•
Type 7 Frequent and steady drinker mostly with relatively medium or high risky
drinking
•
•
•
Type 8 Frequent but unsteady (binge) drinker mostly with relatively medium or
high risky drinking
•
•
•items for heavy drinking. Participants provided daily reports for up to
6 months (time series length ranged from 100 to 180 observations,
with 68% completing all 180 days). The second data set contains reports
from 33 men recruited from bars. The participants reported daily for
2 years. Twenty-two subjects met the DSM-IV criteria for alco-
hol abuse/dependence. None of the subjects were in alcohol-related
treatment during the study. Individual series ranged from 560 to 720
sequential reports. In both studies, participants were required to
respond to approximately the same number of questions about alcohol
consumption in the previous day.
Because the data are not representative of any speciﬁc population,
we are not attempting to make population projections. We consider a
within-subject analysis where an individual trajectory is just a sample
from a potentially longer drinking behavior of that speciﬁc individual.3. Methods
Throughout the paper we use the following terminology: (1) Trajec-
tory: the entire time series containing all the observations; (2) pattern
type: a set of rules that deﬁne pattern classiﬁcation; and (3) pattern: a
part (a “chunk”) of the trajectory that corresponds to a speciﬁc pattern
type. Our methodology comprised three major steps: descriptive analy-
sis, pattern identiﬁcation (chop the trajectory into distinct patterns),
and pattern classiﬁcation (assign the pattern a typology).3.1. Missing data
In the short series the amount of missing data was quite substantial,
and of 223 individuals we selected 156who reported sequences at least
42 days (6 weeks) long. For these individuals we selected the longest
nonmissing sections of data. There were only a few isolated missing
observations (less than 2%) in the long series. For the purpose of consis-
tency they were imputed by the median values from the days a week
before and a week after.lassiﬁcation criteria
Percentage of nondrinking days greater than 70%
Maximum of daily number of drinks less than 5 for men and 4 for women
Percentage of nondrinking days greater than 70%
Maximum of daily number of drinks greater than 4 for men and 3 for women
Percentage of nondrinking days less than or equal to 70% but larger than 50%
Average consumption on a drinking day less than or equal to 4 for men and 3 for
women
Percentage of nondrinking days less than or equal to 70% but larger than 50%
Average consumption on a drinking day greater than 4 drinks formen and 3 forwomen
Percentage of nondrinking days less than or equal to 50%
Average consumption on a drinking day less than or equal to 4 drinks formen and 3 for
women
Standard deviation of nonzero daily number of drinks less than or equal to 1.5 for men
and 1 for women
Percentage of nondrinking days less than or equal to 50%
Average consumption on a drinking day less than or equal to 4 drinks formen and 3 for
women
Standard deviation of non-zero daily number of drinks greater than 1.5 for men and 1
for women
Percentage of nondrinking days less than or equal to 50%
Average consumption on a drinking day greater than 4 drinks formen and 3 forwomen
Standard deviation of nonzero daily number of drinks less than or equal to 2.5 for men
and 2 for women
Percentage of nondrinking days less than 50%
Average consumption on a drinking day greater than 4 for men and 3 for women
Standard deviation of nonzero daily number of drinks greater than 2.5 for men and 2
for women
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The central part of pattern identiﬁcation is the use of the nonpara-
metric Kolmogorov–Smirnov (K–S) test (Lehmann, 2006), which
provides a probability that the two compared data sets originate from
the same distribution. For each studied trajectory we thus applied
“moving windows” to systematically detect when the distribution of
daily drinks changes, as shown in Fig. 1. The window is a time interval
that looks into local statistics of alcohol use trajectory. Denote awindow
asWt,Wt = (yt,…, yt + s − 1), where yt is the number of drinks that the
subject had on day t and s is the size of the window. Here, we
deﬁne s = 21 days (i.e., 3 weeks). Starting from the ﬁrst day of each
nonzero-drinking period, we used the K–S test to evaluate whetherPattern Type
% of total 
patterns
Women
TYPE 1
15 (3%)
TYPE 2
61 (14%)
TYPE 3
29 (7%)
Fig. 2. Examples of eachpattern type. Each connected trajectory illustrates a speciﬁc pattern type
that belong to a different pattern type. Note: DPDD-mean and DPDD-SD denote themean and s
of nondrinking days in the 21-day period.W1, (y1, …, ys) and Ws + 1, (ys + 1, …, y2s), had signiﬁcantly different
distributions. Next we tested the same forW2 and Ws + 2, …, then Wt
andWs + t. IfWt andWs + twere detected to be signiﬁcantly differently
distributed, the drinking pattern was determined to be changed at day
s + t. And if there were more than 42 days after day s + t, we used
the moving windows method again from day s + t + 21 to detect
any pattern change.
Weekly periodicity is a natural variation mode as described in
Mundt et al. (1995). We chose a window of 21 days as a good balance
between the robustness of the K–S statistic and the frequency
with which the patterns tend to change. We applied pattern detection
method to each studied trajectory if its length was longer than twice
the window size (i.e., 42 days). If the trajectory was shorter, weMen
. Some trajectories (e.g. Type 4 formen) contain disconnecteddots that correspond to days
tandard deviation of the number of drinks per drinking days. Pct.NDDs denotes the percent
TYPE 4
40 (9%)
TYPE 5
64 (14%)
TYPE 6
53 (12%)
TYPE 7
107 (24%)
Fig. 2 (continued).
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between the length of period of abstinence and the size of the sliding
window, we separately analyzed trajectories that had at least 21 days
of no drinking.
In the second step, we identiﬁed drinking patterns in the nonzero-
drinking period. For each nonzero period, if its length was shorter
than 42 days (two windows), we assumed that there was only one
pattern in this period to avoid patterns that have periods shorter than
21 days.3.3. Pattern classiﬁcation
We classiﬁed the detected patterns into eight types according to
three dimensions: frequency, average number of drinks per drinking
days, and variability of drinks per drinking days (DPDD). Starting with
occasional low-amount drinking patterns, we moved up in terms of in-
crease in frequency and amount. Low frequency/high amount would
signify binges and low frequency/low amount would indicate less
risky behavior. As frequency increased (i.e., drinking on at least 50% of
TYPE 8
76 (17%)
Note: DPDD-Mean and DPDD -SD denote the mean and standard deviation of the number of 
drinks per drinking days. Pct.NDDs denotes the percent of nondrinking days in the 21-day 
period.
Fig. 2 (continued).
Fig. 3. Example of switches between patterns in a long drinking trajectory. For a long
trajectory at the top panel we show an indicator of the drink type and at the bottom
panel the actual drinking trajectory. The initial dominant type was type 8, i.e. the
subject drinks more than 50% of days with high number of drinks per drinking day
and high variability in the amount. Around day 426 the subjects drastically reduces
drinking to occasional binges then gradually increases the frequency and amount,
but not to the initial level.
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variability is indicative of a tendency for binges, as opposed to a steady
drinking pattern.
CDC and NIAAA guidelines deﬁne heavy drinking as more than 4
drinks in a day and 14 or more drinks per week for men and 3 drinks
in a day and 7 drinks per week for women [http://pubs.niaaa.nih.
gov/publications/Practitioner/pocketguide/pocket_guide5.htm]. We
expanded these deﬁnitions in two directions: frequency of drinking
and variance of DPDD. Speciﬁcally, we considered two frequency
thresholds leading to three categories: nondrinking 70% or more
days, nondrinking days between 70% and 50% of days, and nondrink-
ing less than 50% of days. We also considered thresholds for the
standard deviations to be equal to 2.5 and 1.5 for men, and 2 and 1
for women. Although these thresholds are arbitrary, they reﬂect an
observed linear relationship between the mean and the variance of
the numbers of drinks in our sample. Based on these criteria our
typology produced mutually exclusive categories. Types 4 and
onward correspond to heavy alcohol use. A description of the types
is presented in Table 1.
4. Results
We identiﬁed 445 (221 in short and 194 in long series) distinct
patterns (chunks) of trajectories that were classiﬁed into the proposed
eight types. K–S algorithm (based on p-value of 0.05) has shown a
good discriminating power with respect to our typology because none
of the sequential patterns that were discriminated by the K–S test fell
into the same type. In longer series the length of individual patterns
varied from21 (size of the slidingwindow) to 728; however, themajor-
ity of the patterns (more than 95%) were longer than 21 days and over
65% were longer than 42 days. For the majority of the subjects the
longest pattern lasted for a year or longer. In Fig. 2 we show examples
of the observed patterns that visually illustrate the difference between
them.
Most individuals switched between pattern types in their drinking
trajectories. In Fig. 3we present examples of such a switch. Themajority
of switches in the short series occur between types 5 and 7, and 7 and 6,
which is probably because type 7 is the most prevalent pattern. Not
surprisingly, the appearance of heavier drinking patterns was higher
among individuals who met the DSM-IV dependence criteria. Longer
series provide more opportunities for pattern switching and this
switching is presented in Table 2. We observe a number of repeated
switches, say between type 7 and 8, 4 and 2, or 5 and 3. These repeti-
tions are indicative of “waves” of use with increased and decreased
frequency, amount, or variability. For example, a transition path 5–3–5–3–5–2–3–2–6–3 is reﬂective of a steady drinker with increase and
decrease in frequency and occasionally in amount.
For patterns of type 3 and higherwe conducted analysis in frequency
domains to estimate leading frequencies. Regression analysis with the
inclusion of a weekly component indicated that not all patterns had a
statistically signiﬁcant weekly periodic component: percent patterns
with signiﬁcant weekly component was higher among the higher vari-
ancedrinkers (types 4, 6, and8) than amongpatternswith less variation
(types 3, 5, and 7).5. Discussion
Based on the records of individual daily use we classiﬁed the
patterns into several statistically different and interpretable categories,
and within the same individual more than one category can be present.
We indicated the point in time where an inter-pattern switch occurs.
Although with the exception of abrupt quitting, changes in patterns
are seldom sudden, estimated change points provide an anchor to
which one can link causal prior events and calculate pattern length.
Table 2
Illustration of pattern change in long time series. Highlighted are the subjects who did NOTmeet DSM IV criteria of dependence at
baseline.
ID Pattern type (length of the longest period, days)
1 3–6–5–6–5–3–5–436
2 7–8–7–8–7–8–5–2–5–338
3 7–8–7–409
4 7–quit (432)
5 8–2–4–8–7–8–435
6 4–2–4–2–4–2–264
7 7–5–7–5–323
8 6–7–6–7–6–314
9 8–7–8–2–4–6–312
10 2–5–2–469
11 3–5–1–3–2–3–5–149
12 2–7–8–7–4–7–8–7–2–254
13 8–7–6–473
14 1–2–1–2–3–2–270
15 8–4–381
16 4–2–3–6–2–3–2–4–2–183
17 1–5–2–6–5–6–5–6–5–3–5–177
18 2–5–2–500
19 4–2–8–2–8–2–7–3–6–2–6–246
20 8–728
21 4–2–4–2–4–8–358
22 8–6–8–378
23 8–2–8–7–449
24 8–6–8–6–8–6–8–6–8–6–175
25 4–2–4–2–4–2–4–191
26 6–7–6–2–8–6–5–6–256
27 8–4–8–2–8–459
28 5–3–5–3–5–2–3–2–6–3–163
29 4–8–4–2–8–250
30 8–7–8–7–8–7–248
31 2–3–2–1–312
32 7–3–7–4–5–7–5–2–7–164
33 7–4–7–409
939G.V. Bobashev et al. / Addictive Behaviors 39 (2014) 934–940Because the reported data are only a snapshot of a continuous drink-
ing trajectory, the observed ﬁrst and last patterns are likely to have
started earlier and ended later, respectively. This could introduce
some bias to the estimation of the pattern length of the ﬁrst and
last pattern.
Pattern changes are informative of escalation/de-escalation in
alcohol consumption, which could occur in multiple dimensions. For
example, a change from type 2 to type 4 to type 6 to type 8 indicates a
path from occasional binge to frequent binges to frequent drinking
added to intervals between increasingly high binges. The increase in
use type signiﬁes a path to problem drinking and if monitored could
be captured early enough to provide an intervention. Use typology
might be informative for treatment planning aswell; available treatments
(e.g., psychosocial, pharmacological) might be differentially efﬁcacious
as a function of pattern type.Our approach presents the ﬁrst attempt to classify individual daily
drinking patterns and has a number of limitations. Although based on
CDC and NIAAA recommendations, our pattern classiﬁcation is empiri-
cally derived and thus somewhat arbitrary. In developing the classiﬁca-
tion we also considered automatic clustering algorithms (e.g., K-means,
hierarchical clustering) that identify clusters based on measures of
similarity in multiparameter space. However, automatic clustering has
two major problems: the results of clustering are dependent on the
composition of the samples and for samples with different characteris-
tics we obtained different classiﬁcations. Also, the automatic algorithm
can provide less interpretable cutoffs (e.g., N4.7 DPDD formen). A cutoff
of 5 would be more robust and operational.
As in any self-reporting study there is an issue of reporting bias,
which is minimized by the IVR technology, as shown by Helzer et al.
(2002, 2006) and Helzer and Searles (2001).
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